Abstract-This paper proposes perceptual segmentation of natural color images using a fuzzy-based hierarchical algorithm and its application to the segmentation of dermoscopy images. A fuzzy-based homogeneity measure makes a fusion of the color features and the texture features. The proposed hierarchical segmentation method is performed in four stages: simple splitting, local merging, global merging and boundary refinement. The effectiveness of the proposed method is confirmed through computer simulations that demonstrate the applicability of the proposed method to the segmentation of natural color images and dermoscopy images.
I. INTRODUCTION
Image segmentation is a process to partition an image into meaningful regions and is an important step before an image recognition process. In this paper, we are concerned with perceptual image segmentation. Perceptual segmentation is defined to obtain segmentation that produces a small number of segmented regions, and each region should represent a main object or a meaningful part of an object without paying much attention to region interiors. For example, perceptual segmentation could regard a tree that has many branches and leaves as one object in contrast to conventional detailed segmentation. For many applications such as image recognition or image retrieval, it is preferable to obtain such perceptual segmentation with a small number of segmented regions.
Though there is an extensive literature on image segmentation, the papers on perceptual segmentation are limited. Among them, Mirmehdi and Petrou [1] proposed the method based on the multiscale perceptual tower and the probabilistic relaxation method. Shi and Malik [2] proposed the perceptual grouping method based on graph theory, and Ma and Manjunath [3] proposed the technique based on the Gabor filters and the EdgeFlow. Carson et al. [4] proposed the Blobworld representation based on expectation-maximization algorithm, and Chen et al. [5] proposed the approach based on the adaptive clustering algorithm and the steerable filter decomposition. Although these methods perform well, their algorithms are complicated and it is not so easy to get an optimal segmentation result.
We have proposed a novel technique, a fuzzy-based hierarchical algorithm for perceptual segmentation of natural color images, that is capable of deciding the optimal segmentation result driven by the number of segmented regions [6] , [7] . Since the proposed algorithm has the significant advantage to produce the segmentation results by reducing the number of segmented regions one by one at each step, the user is able to determine the optimal result easily just by observing the several-segmented results. In other words, the proposed algorithm has the ability to stop the process at the specified number of segmented regions.
In this paper we investigate the applicability of the proposed segmentation algorithm to the segmentation of dermoscopy images. Dermoscopy is a non-invasive diagnostic technique for the in vivo observation of pigmented skin lesions used for dermatology. This diagnostic tool allows for a better visualization of surface and subsurface structures and permits the recognition of morphologic structures not visible by the naked eye, thus opening a new dimension of the clinical morphologic features of pigmented skin lesions [8] . The purpose here is to identify (segment) the lesion and separate it from the background. Though a number of segmentation methods have been proposed for this purpose [9] - [12] , the correct segmentation is still a difficult problem due to the great variety of dermoscopy images. The proposed segmentation algorithm is fitted for the segmentation of dermoscopy images because the final number of segmented regions is expected to be two in most of dermoscopy images.
Several experiments are made to confirm the effectiveness of the proposed method. At first, we apply the proposed method to perceptual segmentation of natural color images contained in the Berkley dataset [13] , and compared our results with human segmentation. Secondly, we apply the proposed method to the segmentation of dermoscopy images to investigate the applicability of the proposed algorithm.
II. OVERVIEW OF THE SEGMENTATION PROCEDURE
The proposed fuzzy-based hierarchical segmentation procedure is shown in Fig. 1 . The proposed algorithm is based on the method of Ojala and Pietikäinen [14] . We drastically improved their algorithm in the following five points for the capability of perceptual segmentation of color images. 1) We adopt the Statistical Geometrical Features (SGF) [15] as texture measures, because the SGF enable the algorithm to set a small minimum block size of 4 × 4 and the SGF can remarkably discriminate various types of textures. 2) We adopt fuzzy reasoning [16] to incorporate color features as well as texture features that enables the algorithm to treat color images. 3) We change the stage of hierarchical splitting into simple splitting to reduce the computational cost and the number of parameters. 4) We introduce a new stage of local merging that merges adjacent regions locally in order to significantly reduce the number of regions to be used at the stage of global merging. 5) We redefine the merger importance value at a stage of global merging to stop this stage at the specified number of segmented regions.
As a result of these improvements, the proposed algorithm has the capability of perceptual segmentation using a simple algorithm with an easy implementation that has four hierarchical stages: simple splitting, local merging, global merging and boundary refinement. During the latter three stages, we measure the similarity of any adjacent regions using the fuzzy-based homogeneity measure that combines the similarity of color features and texture features with different degrees of importance. We use the L a b color space to represent color features and the SGF as texture features. The adoption of a fuzzy-based homogeneity measure simplifies the complex mechanism of integrating different features by means of symbolic representations. It also reduces the difficulty in choosing the parameters inherent in segmentation methods, though the tuning of the fuzzy membership functions is still required for each image in the proposed algorithm.
III. COLOR AND TEXTURE FEATURES

A. L a b Color Features
The L a b color space is a perceptually uniform color space, in which L represents brightness and a and b represent chromatic information. We obtain the L a b color space from the RGB color space, and then the three components, L , a and b , are normalized and used as three color features.
B. SGF Texture Features
The SGF [15] are a set of texture features based on the statistics of geometrical properties of connected regions in a sequence of binary images obtained from an original image. The extraction of the SGF starts by thresholding each component C (where C = L , a and b ) of a color image with a threshold value α that produces numbers of binary images C b defined as
where 1 ≤ α ≤ n l − 1 and n l is the maximum gray level of each component. Each binary image C b (x, y; α) comprises several connected regions. The number of connected regions of 1-valued pixels and that of 0-valued pixels give two geometrical measures, NOC 1 (α) and NOC 0 (α), respectively. Each connected region is also described by its irregularity (or non-circularity) related to the maximum radius of pixels within the connected region I. The irregularity of the ith connected region of 1-valued pixels is defined as
where x, y are the center of mass and |I| is the region's area. Variations in the value of IRGL 1 (i, α) from 0 to 1 represent the change in shape of the connected region from circle to line. Then, the average (weighted by size) of the irregularity of 1-valued pixels in the binary image C b (x, y; α) gives a irregularity measure
where NOP 1 (i, α) is the number of pixels in the ith connected region of 1-valued pixels. IRGL 0 (α) is similarly defined. Each of these four functions, i.e., NOC 1 (α), NOC 0 (α)), IRGL 1 (α) and IRGL 0 (α), is further characterized using the three statistics over an entire image: the average value, the sample mean and the sample standard deviation. This gives 12 SGF for each component of a color image, and thus a total of 36 SGF for one image. At the implementation, a sliding overlapping window of size 5 × 5 is used to calculate the SGF of each pixel of an original image. 
IV. FUZZY-BASED HOMOGENEITY MEASURE
Homogeneity is a measure to test the similarity of two regions under consideration during the segmentation procedure. We adopt a fuzzy-based homogeneity measure to integrate the different features: the L a b color features and the SGF texture features. We use the following fuzzy rules in which each rule has a corresponding membership function. These fuzzy rules give the SGF texture features a higher priority than the L a b color features because we consider that the texture features provide more important information in perceptual segmentation of textured color images. In these fuzzy rules, a SGF difference is the Euclidean distance of 36 SGF between two regions under consideration, and a L a b difference is the Euclidean distance of three-color components between them.
Four conditions HO, NHO, P HO and P NHO represent different grades of homogeneity between two regions. Their homogeneity values μ HO , μ NHO (=1-μ HO ), μ P HO and μ P NHO (=1-μ P HO ) can be obtained from fuzzy membership functions of the SGF difference and the L a b difference as shown in Fig. 2 . Here ΔS represents the SGF difference and ΔL represents the L a b difference. The values of ΔS small , ΔS large , ΔL small and ΔL large in Fig. 2 have to be tuned empirically.
After fuzzification by applying the above two rules, minmax inference takes place using the fuzzy sets shown in Fig.  3 . Then the conventional centroid defuzzification method is applied. Suppose the homogeneity limit is set to be 0.5. Then, if the inferred homogeneity measure is over 0.5, the two regions being concerned are regarded as homogeneous and they are merged. We use the value of the homogeneity measure H in the proposed segmentation algorithm.
V. SEGMENTATION ALGORITHM
In the following, we will demonstrate the progress of the proposed segmentation algorithm for a 300×300 natural color image shown in Fig. 4(a) .
A. Simple Splitting
Ojala and Pietikäinen [14] used the hierarchical splitting algorithm that recursively splits an original image into square blocks of varying sizes. Since their algorithm requires computational cost and the threshold value, we changed the stage of hierarchical splitting into simple splitting to reduce the computational cost and the number of parameters. In simple splitting, an original image is divided into rectangular subblocks of size 4 × 4 as shown in Fig. 4(b) . It is noted the adoption of the SGF texture features and the incorporation of local merging in our algorithm enable the use of simple splitting.
B. Local Merging
Local merging is a newly proposed stage by us to merge adjacent regions locally for drastically reducing the number of regions to be used at the stage of global merging. The SGF of each 4 × 4 subblock are obtained by averaging the texture features of all pixels within the subblock, so does the L a b color features of each subblock.
The homogeneity between any current region and its neighboring adjacent region is measured individually. Then the two adjacent regions having the largest homogeneity measure H max are regarded as similar and they are merged to become one region if the value of H max is higher than a threshold 0.5. The process is continued until all regions are scanned. We set the threshold 0.5 to avoid over merging in this stage. The result of local merging is shown in Fig. 4(c) .
C. Global Merging
Global merging is a stage to merge similar adjacent regions globally. A pair of adjacent regions with the smallest merger importance value among all possible mergers in an entire image will be merged at each step. We define merger importance (MI) as the ratio of the number of pixels in the smaller region to the homogeneity measure of adjacent regions
This procedure finds the best possible pair of adjacent regions globally whose merging introduces the smallest change in the segmented image. Since global merging reduces the number of segmented regions one by one at each step and merger importance removes the less important regions first, the essential regions remain to the end and thus perceptual segmentation is achieved.
It is also easy to stop the algorithm at the specified number of segmented regions N . Fig. 4(d) shows the result of global merging when we set N = 10 to obtain perceptual segmentation.
D. Boundary Refinement
Boundary refinement is finally performed to smooth the jagged boundaries after global merging. If an image pixel is on the boundary of at least two distinct regions, a discrete disk with radius 3 will be placed on it. Then the homogeneity measure H between the disk and its neighboring region is calculated individually to decide if the pixel needs to be relabeled. The next scan will check the neighborhoods of the relabeled pixels until no pixels are relabeled. The result of boundary refinement is shown in Fig. 4(e) .
In the practical implementation of the proposed algorithm, we can easily choose the desirable optimal result with an appropriate roughness by observing the several-segmented results. The results of segmentation when we set N = 12, 11, 10 and 9 are shown clockwise from the upper left in Fig.   4(f) . This figure demonstrates how the number of segmented regions decreases in the proposed algorithm.
VI. EXPERIMENTAL RESULTS
In this section, we present experimental results to assess the performance of the proposed segmentation method. Since we set ΔS small = 0 and ΔL small = 0 in the proposed algorithm, we have to tune two parameters ΔS large and ΔL large of the fuzzy membership functions in Fig. 2 differently according to each image and they were determined empirically.
At first, we apply the proposed method to several 481 × 321 natural color images contained in the Berkley dataset [13] , and compared our results with human segmentation. Images in Fig.  5(a) show original images and images in Fig. 5(b) represent hand-labeled segmentations (darker contours were marked by more human subjects) both from the Berkley database. The final optimal segmented results of the proposed method are shown in Fig. 5(c) . In Fig. 5(c) , we only depict the boundaries of the segmented regions for the clarity of comparison with human segmentation.
Comparisons between Fig. 5 (b) and (c) clearly indicate that the proposed method has an excellent ability to produce perceptual segmentation that is almost identical to the human segmentations. The proposed method successfully detects the essential objects without paying much attention to region interiors and thus it yields a small number of segmented regions. We have tried to segment numbers of images from the Berkley dataset and it was revealed that the proposed method is good at relatively rougher segmentation than the other perceptual segmentation algorithms. We have also confirmed the advantage of an easy selection of the optimal result that is best suited to user's intention from among the severalsegmented results. On the other hand, the shortcoming of the proposed method is that it is difficult to maintain important but small objects with visual attention, such as eyes of creatures or small halls at the top row and fifth row in Fig. 5(a) and (b), because such small objects tend to disappear at the stage of global merging.
Secondly, we apply the proposed method to the segmentation of dermoscopy images to investigate the applicability of the proposed algorithm. The proposed algorithm was applied to 50 dermoscopy images randomly selected from the clinical database of the Hospital Pedro Hispano, Matosinhos, Portugal [12] . Fig. 6(a)-(d) show 4 out of the 50 original dermoscopy images. These images indicate that the segmentation is not a straightforward task because there is a large variety of lesions, skin types, presence of hair and so forth in dermoscopy images. Since the dark shadows of four corners in the original dermoscopy images give a bad influence upon our algorithm, we have to reject this influence at the stage of local merging.
Ideally, the segmentation of dermoscopy images should be stopped automatically without human decision. This means that the parameters of the algorithm are kept fixed or automatically tuned. Since the proposed algorithm is universal and not optimized for dermoscopy images, we have applied the proposed method with the use of fixed parameters and N = 2. We have successfully segmented 45 images out of 50 using the proposed algorithm with automatically tuned parameters. Fig. 7(a)-(d) show the segmentation results of the dermoscopy images in Fig. 6 . In Fig. 7 , the boundaries are superimposed on the original image to check the accuracy of the proposed algorithm. These results demonstrate the effectiveness and the applicability of the proposed method to segment dermoscopy images. However, further investigations are necessary to precisely compare the proposed algorithm with other methods, and in the future we plan to have a more careful evaluation of the experimental results by a dermatologist.
VII. CONCLUSIONS
In this paper, we presented a perceptual segmentation of color images using the proposed fuzzy-based hierarchical algorithm. Since the fuzzy-based homogeneity measure makes a reliable fusion of the L a b color features and the SGF texture features, the proposed method provides perceptual segmentation that maintains uniform texture regions and accurate boundaries. The proposed algorithm was applied to the segmentation of natural color images and dermoscopy images and the experimental results demonstrate the effectiveness of the proposed method. Future work should include the automatic tuning of the parameters based on information extracted from original images, and a detailed clinical evaluation by a dermatologist.
